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- Sharing open-access software has become common practice among 14 
researchers, but is rarely followed up with an analysis of its adoption success 15 
- We were able to survey our toolbox users and found that workflows and 16 
commented code were effective in enabling users to adopt and tailor methods 17 
- We also realized that effective uptake requires not only guidance for enabling 18 









Open-source research software is an important element of open science. While the 28 
number of software packages made available by researchers is increasing, there has 29 
been little analysis about their subsequent uptake. We collect basic information about 30 
prospective users when sharing our open-source sensitivity analysis toolbox. This 31 
enabled us to carry out a user survey to assess adoption success – beyond simply 32 
counting download numbers. Survey results confirm the key role of extensive 33 
documentation to ensure adoption, to enhance learning and to enable research 34 
implementation. We found that workflows are an effective tool to guide users to tailor 35 
methods to their problems. However, workflows also need to include guidance for 36 
interpretation of results, otherwise sophisticated functionalities are overlooked as their 37 
value is unclear. Developing effective documentation requires significant time 38 
investment but is essential if the ultimate aim of open research software is to promote 39 
the adoption of scientific methodologies and best practices.  40 
 41 
1. Introduction 42 
 43 
Sharing free, open-source research software is becoming increasingly common in the 44 
environmental modelling community. By ‘research’ software we refer here to software 45 
that is developed by researchers as part (but not as the primary focus) of their research 46 
activity – in contrast to ‘professional’ software produced by software engineering 47 
companies. Research software is now often distributed openly along with other key 48 
research outputs such as datasets, scientific papers or case study applications.  49 
For example, limiting ourselves to the field of Sensitivity Analysis (Saltelli et al, 2008; 50 
Pianosi et al., 2016) to which the SAFE toolbox investigated in this paper contributes, 51 
research software that has been made available over the years includes: the updated 52 
version of the Simlab framework (Saltelli et al., 2008; JRC, 2015), the MCAT toolbox 53 
(Wagener and Kollat, 2007), the GUI-HDMR software tool (Ziehn and Tomlin, 2009), 54 
a new version (Poeter et al., 2014) of the UCODE for model calibration and local 55 
sensitivity analysis (Poeter and Hill, 1999), a new release of the R Sensitivity package 56 
(Iooss et al., 2018), the Python SALib library (Herman and Usher, 2017), and the 57 
VARS-TOOL in Matlab/C++ (Razavi et al., 2019).   58 
 59 
Motivations for freely sharing open-source software are manifold and have been 60 
extensively investigated. Von Krogh et al. (2012) reviewed the ethical considerations 61 
that historically inspired the Free Software movement (“running software that a user 62 
cannot inspect, modify and share is considered immoral”), as well as the intrinsic and 63 
extrinsic motivations that have driven developers thus far. Intrinsic motivations (i.e. 64 
stemming from a pursuit of internal satisfaction rather than an external reward) include 65 
the fun of developing software, a feeling of reciprocity (wherein one helps others 66 
because of having been helped or expecting to be helped) and the gratification of 67 
recognition by other community members (the “egoboo” drive; Raymond (1999)). We 68 
would argue that all these intrinsic motivations apply to the case of research software 69 
developers. An additional motivation can be the belief this activity serves science by 70 
(1) increasing the uptake of our models and methods through the availability of the 71 
software; and (2) by increasing the transparency and reproducibility of our own 72 
analyses if the software is open-source (Stodden et al., 2016; Hutton et al., 2016; 73 
Slater et al., 2019). External motivation can also be important, and many have 74 
advocated for more explicitly rewarding research software development in academic 75 
career progression. For example, new journals have been created for publishing 76 
research software in the form of short, peer-reviewed and citable papers (examples 77 
are SoftwareX and the Journal of Open Source Software), and specific funding 78 
opportunities and research quality metrics have been advocated (Crouch et al., 2013).  79 
 80 
We were motivated by all the above reasons when we released our open-source 81 
“Sensitivity Analysis For Everybody” (SAFE) toolbox (Pianosi et al, 2015). We 82 
particularly had the ambition to facilitate the use of Global Sensitivity Analysis (GSA) 83 
by environmental modellers and to promote the uptake of what we considered best 84 
practices in GSA application – reviewed in a companion paper (Pianosi et al. 2016). 85 
These goals informed our design philosophy, which was characterised by (Pianosi et 86 
al, 2015): (1) modularity of the code - in order to facilitate multi-method analyses; (2) 87 
high density of comments – to facilitate understanding of the working principles of each 88 
method; (3) minimal dependence on specific Matlab toolboxes/versions – to slow 89 
down obsolescence; (4) availability of robustness and convergence metrics – to 90 
enable rigorous analysis; (5) availability of visualization functions – to support 91 
interpretation and communication of results; (6) availability of workflows - to help users 92 
get started and to nudge them to follow best practices (enabled by point 1, 4 and 5). 93 
 94 
The use of workflows, in place of a user manual, was one of the specific features of 95 
SAFE. In general, a workflow is a series of connected steps employed to achieve an 96 
overall goal (Duffy et al., 2012). In computational methods, workflows provide the 97 
“information that explains what raw data and intermediate results are input to which 98 
computations” (Stodden et al., 2016). In the SAFE toolbox, a workflow is an executable 99 
script that shows, through a practical example, how the toolbox functions can be put 100 
together to perform a sensitivity analysis (see an example in Figure 1). Users can 101 
utilize workflows as tutorials to learn how to apply a specific method implemented in 102 
SAFE. Or they can use workflows as a starting point to tailor the script for their own 103 
application, given that many steps in GSA are common across problems and 104 
applications. Encouraging users to produce and possibly share workflows is also an 105 
effective way to promote transparency and reproducibility of the analyses. As such, 106 
workflows can be seen as equivalent to the “modelling protocols” proposed by Ceola 107 
et al. (2015) as a key mechanism to ensure comparability and reproducibility of model 108 
comparison studies. 109 
 110 
Since 2015, we have distributed SAFE through a dedicated website (safetoolbox.info) 111 
while simultaneously collecting basic information about prospective users who 112 
submitted a download request (such as their affiliation, area of expertise, etc.). In 113 
2017, almost 3 years from the first software release and having received about 1000 114 
download requests, we carried out a survey of SAFE users to evaluate its level of 115 
adoption and the success of the design choices discussed above. In this paper, we 116 
present the survey results to reflect on the efficacy of our approach to open-source 117 
software design and distribution, and we draw general conclusions regarding the value 118 
and effectiveness of different types of documentation, especially workflows.  119 
 120 
The dataset of our survey respondents is quite unique. Indeed, many repositories used 121 
to share research software (such as GitHub or Matlab central) do not collect either 122 
contact details nor basic information of those who download the software. This makes 123 
it very difficult to return to potential users for a survey, or to verify whether the sample 124 
of respondents to a generic survey is representative of the overall population of 125 
potential software users (given that the characteristics of that population would be 126 
unknown) thus undermining the statistical significance of the survey results. Although 127 
limited in scope, we thus think our results are interesting and provide some insights of 128 
general interest to help other environmental modellers and software developers to 129 
improve the quality and efficacy of their research software projects. We also hope that 130 
they can inspire others to carry out similar surveys that could help tailor their efforts 131 




Figure 1 – Example of workflow included in the SAFE toolbox. The workflow 
guides users in the application of a particular method, including explanatory 
comments and references. Users can execute the workflow ‘as is’ or change some 
of the input values and evaluate the impact of these choices. They can also use 
the workflow as a starting point to develop their own application, by changing the 
lines where their inputs or models differ from the example shown in the workflow. 
 
2. Survey design 134 
 135 
We divided the survey questionnaire into 3 main parts (the full survey – with responses 136 
- is included in the Supplementary Material):  137 
Part 1 - general information about the respondent, including their expertise in GSA 138 
and the extent to which they used SAFE (Q1-6). 139 
Part 2 - specific information on the ways they used SAFE (Q7-14) aimed at testing 140 
whether our design choices reached their intended goals. 141 
Part 3 – some final questions about possible future directions for SAFE development 142 
(Q15-18). 143 
We used closed-answer questions in order to make the survey easier to complete (we 144 
aimed at a response time of about 10 minutes) and to analyse. We included a N/A 145 
(“Not Applicable”) answer option when needed in order to ensure that also 146 
respondents who requested SAFE but did not actually use it were able to complete 147 
the survey. 148 
We used the Online surveys (formerly BOS) platform (www.onlinesurveys.ac.uk) to 149 
distribute the survey to the 1000 researchers who had requested SAFE at the time 150 
(November 2017). We kept the survey open for 10 days and sent two subsequent 151 
reminders as the deadline was approaching. One useful feature of the Online surveys’ 152 
platform is that it can be set to send reminders only to those contacts that have not 153 
responded yet. 154 
 155 
3. Survey results 156 
 157 
In this section, we report some key analyses of the survey responses. Given that, as 158 
expected, only a fraction of survey recipients actually completed it, we first compare 159 
some basic characteristics of the respondents’ sample and the surveyed population 160 
(Sec. 3.1), such as their area of study/research and job title. The objective here is to 161 
establish whether the sample of respondents provides a reasonable representation of 162 
the overall population of SAFE users. We then move on to analyse the survey 163 
responses (Sec 3.2), focusing on key points that may be of general interests to 164 
research software developers (besides the GSA/SAFE user community). For the 165 
interested reader, we report the full extent of the survey responses in the 166 
Supplementary Material. 167 
 168 
3.1 Analysis of respondents   169 
 170 
We received n=195 responses from our surveyed population of N=1000 people who 171 
requested SAFE over the period 2015-2017. This corresponds to a response rate of 172 
almost 20% and a margin of error (at 95% confidence level) of:  173 
 174 





100 = 6.3% 175 
 176 
(Isserlis, 1918; Sharon, 1999). Figure 2 analyses the basic characteristics of our 177 
surveyed population (left) and of the survey respondents (right). The top panels show 178 
that the areas of study/research are well represented in the respondents’ sample (i.e. 179 
their relative extent is similar in the two populations). The bottom panels instead show 180 
some differences in terms of roles, as Bachelor/Master students are underrepresented 181 
in the respondents’ sample, and lecturers/professors are slightly overrepresented. We 182 
assume this may be due to the fact that Bachelor/Master students are more likely to 183 
disengage from the research area after completing their student projects; some of 184 
them may have also not received the survey at all if they lost access to the University 185 
email account after graduation.  186 
 187 
Despite these small differences, we believe the respondents sample to be an 188 
acceptable representation of the target population. 189 
 190 
 
Figure 2 – Area of study/research (top) and role (bottom) of the 1000 people we 
surveyed as they requested SAFE between 2015 and 2017 (left) and of the 195 
people who completed our survey (right). 
 191 
 192 
3.2 Analysis of responses  193 
 194 
Figure 3, 4 and 5 show a selection of the survey answers and the key points we can 195 
draw from them. Beyond specific feedback on SAFE that will be useful for us to 196 
improve the toolbox, we believe that the following points of general interest arise. 197 
 198 
The availability of open-source software is attractive to users with diverse levels of 199 
expertise (among our respondents, 22.1% said they had “no expertise at all” of GSA 200 
when they requested SAFE, 56.9% had “basic” expertise, and 21% had 201 
“good/advanced” expertise – see Q4 in the Supplementary Material and the top panel 202 
of Figure 3). This is in line with our expectations and design choices, which were meant 203 
to make the toolbox useful for both experienced and novice users (Pianosi et al., 204 
2015). 205 
 206 
Roughly half of the people who requested the software did actually use it. About a fifth 207 
(17.8%) instead did not even try it and a third (30.3%) tried it but did not find it useful 208 
for their research (question Q3 and middle panel in Fig. 3). This result suggests that, 209 
somehow expectedly, the number of download requests of a free software may 210 
significantly overestimate the number of actual users. 211 
 212 
On the other hand, the respondents who did use the toolbox largely benefitted from it, 213 
both through producing useful results (for 29.7% of all respondents up to the point of 214 
including them into a publication; Q3) and through improving their understanding of 215 
the underpinning GSA methods (43.6% said their understanding increased 216 
“somewhat” and 36.4% said it increased “significantly”; Q5 in Fig. 3). This result 217 
confirms that sharing open-source software is an effective way to also promote the 218 
understanding and uptake of methodologies by a wider range of researchers. 219 
Interestingly, the increased understanding seems to be equally perceived by users 220 
who started with no expertise in GSA as well as by those who already had a good 221 








SAFE was requested by 
researchers with a very diverse 
level of expertise in GSA, from 
no expertise (coloured in blue 




Of those who requested a copy 
of SAFE, about half (52%) 
actually used it. Interestingly, 
about a third of the respondents 





Additionally, slightly more than 
a third said using SAFE 
increased their understanding 
of GSA significantly. This 
seems to apply equally across 
the (declared) level of expertise 




On a less positive end, almost 
half of respondents said they 
did not use the bootstrapping 
functionalities available in 
SAFE, despite our efforts to 
highlight their value for a 
rigorous GSA application. 
  
Figure 3 – Analysis of the responses to selected questions of the survey about the 
use and usefulness of the SAFE toolbox and some of its advanced functionalities 
such as bootstrapping (note: plots of responses to Q5 and Q11 do not include the 
“N/A” answers by respondents who did not actually use SAFE; full responses to all 
questions are given in the Supplementary Material). 
 225 
Some users exploited the functionalities of SAFE in line with our suggested best 226 
practice, for example by applying multiple GSA methods (29.2%; Q9 in the 227 
Supplementary Material) and by complementing the analyses with visualisation 228 
functions (42.6%; Q10). However, more sophisticated functionalities such as 229 
bootstrapping, which we consider essential to ensure the trustworthiness of 230 
conclusions drawn from GSA results (Sarrazin et al., 2016), was not picked up as 231 
much as we hoped. Surprisingly to us, 43.6% of respondents declared they did not 232 
use it because they did not understand it, and 3.6% declared they do not think it is 233 
Q3: How extensively did you use SAFE? [split according to response to: 
“Q4: How would you judge your level of expertise in GSA when you 
requested SAFE?”]
Q5: Do you think using SAFE increased your understanding of 
GSA? [same]
Q4: How would you judge your level of expertise in Global 
Sensitivity Analysis (GSA) when you requested SAFE? 
Q11: Did you ever use the bootstrapping functionalities to look 
at robustness of sensitivity indices? [same]
useful at all (Q11 and bottom panel in Figure 3). This result suggests that, unless a 234 
specific effort is made in highlighting the value of more sophisticated functionalities, 235 





Figure 4 – Analysis of the responses to selected questions of the survey about the 
effectiveness of the SAFE toolbox documentation (note: plots do not include the 
“N/A” answers by respondents who did not actually use SAFE; full responses to all 
questions are given in the Supplementary Material). 
 238 
 239 
Most users read and appreciate comments, both in the form of function help (22.6%) 240 
and in-code comments within functions (41%) (Q13 and Figure 4). Again, the 241 
repartition of responses according to level of initial expertise is quite uniform (top left 242 
panel in Figure 4), which suggests that users with different backgrounds found the 243 
documentation equally accessible. However, the top right panel in Figure 4 shows that 244 
the users who mostly engaged with the in-code documentation are more likely to 245 
perceive a significant increase in their understanding of GSA. This result suggests that 246 
sharing well commented open-source software is an effective mechanism to improve 247 
understanding of methodologies. 248 
 249 
Workflow scripts also proved useful (Q12 and bottom panel of Figure 4): a third of 250 
respondents used them to learn about specific GSA methods and about a fourth 251 
(26.7%) employed them as an initial draft for their own workflow. Similar to the in-code 252 
comments, we see here as well that the users who engaged most with the workflows 253 
also found their general learning of GSA improved most significantly.  254 
 255 
When asked about possible future developments, many respondents suggested 256 
workflows closer to their application area (45.1%) (see Q15 in the Supplementary 257 
Material and Figure 5), and the majority said they would also want a user manual 258 
(70.3% of respondents said it would be “very useful”). In our approach to developing 259 
documentation, we assumed that the scientific background knowledge provided by a 260 
manual could be conveyed equally effectively by peer-reviewed papers that we 261 
published along with the SAFE toolbox. For example, our literature review paper 262 
(Pianosi et al., 2016) includes an extensive description of the available methods in 263 
Q13: How much did you use the comments embedded in the code of the SAFE functions? 
Q12: How much did you use the workflow scripts provided in SAFE? 
[split according to response to Q4: "How would you 
judge your level of expertise in GSA when you 
requested SAFE?”]
[split according to response to Q5: "do you think 
using SAFE increased your level of understanding 
of GSA?”]
[same] [same]
SAFE as well as the key steps in the set-up of GSA, which are mirrored one-to-one in 264 
the SAFE workflows. However, we acknowledge that we must have failed in clearly 265 
communicating the availability of such scientific documentation. Indeed the literature 266 
review and other scientific papers (such as Sarrazin et al (2016), which provides the 267 
background to the bootstrapping functionalities in SAFE) are linked in the FAQ page 268 
of the SAFE Toolbox website (www.safetoolbox.info/faq/), which 31.3% of our 269 
respondents said they did not realize was available (see Q14 in the Supplementary 270 
Material). In order to better highlight these resources we have now modified the email 271 
message by which the toolbox is sent to users.  272 
 273 
Lastly, in responding to Q14 and/or to the final open-ended question, a good number 274 
of users said that they would want a version of SAFE in R or Python. This gave us 275 
motivation to accelerate our plans to develop such versions, which have now been 276 
made available through the same SAFE website. 277 
 278 
 279 
Figure 5 – Analysis of the responses to selected questions of the survey (full 280 




4 Outlook  285 
 286 
In 2015 we started sharing an open-source toolbox for Global Sensitivity Analysis 287 
(GSA). We chose to distribute the toolbox through a bespoke website with an 288 
electronic registration form, which enabled us to collect some basic information from 289 
everybody downloading the software. This enabled us to perform a survey that proved 290 
very useful for us to measure the actual uptake of the software and the effectiveness 291 
of some of our design choices, as well as to inform upgrades to the toolbox. On the 292 
other hand, we are aware that this choice may be frowned upon by some potential 293 
users, and it reduces the interaction with the user base and the integration of their 294 
contributions – which would both be easier if the code was hosted on a public platform 295 
such as GitHub. Given the relatively specialised nature of the toolbox, and hence the 296 
relatively small size of its user community, it is still possible for us to manage 297 
interactions via email, and we have occasionally uploaded add-ons contributed by 298 
users on the website FAQ page1. While we recognise this approach may become 299 
 
1 Some figures: we had received 1000 download requests at the time of the survey (November 2017) 
and about 2200 at the time of writing this manuscript (September 2019). We currently receive about 
one email a month with request for additional clarification or comments from users. We know some 
users have tailored the toolbox functions to their specific needs (see for example the comments to our 
survey’s open-ended question in the Supplementary material) but they have rarely shared this back 
cumbersome when dealing with larger communities or frequent software updates, thus 300 
far we have found that the advantages, such as enabling user surveys, outweigh its 301 
limitations.  302 
 303 
We decided to share our toolbox mainly as a way to increase the impact and utilization 304 
of GSA methods. The survey results presented in this paper seem to confirm that 305 
software availability has helped other researchers in their applications of GSA - in 306 
about 30% of cases all the way to the point of publishing the results. Importantly, the 307 
majority of users also declared that using the toolbox increased their understanding of 308 
the methods it makes available. We believe that the key to this success lies in the 309 
extensive documentation we developed (in the form of function helps, in-code 310 
comments, workflows, and a website with links to application examples and Frequently 311 
Asked Questions). The survey results further confirm that documentation is essential 312 
to both enable the use of the software as well as to realise its potential for increasing 313 
the understanding of the underpinning methods.  314 
 315 
However, developing a extensive documentation requires time and resources that go 316 
well beyond what is needed for the development of the code itself. Such effort was 317 
acceptable within the context of the research project in which SAFE was first 318 
developed (the CREDIBLE project; NE/J017450/1). In fact, developing software tools 319 
was regarded as one of the ways to achieve the broader project goal of improving the 320 
consideration of model uncertainty in natural hazard assessment. In other cases, 321 
researchers may share their code for different aims. For example, some may ‘just’ 322 
want to avoid duplication of efforts and save other researchers’ the time needed to 323 
carry out similar developments. In this case, it may be unreasonable to expect 324 
researchers to also develop thorough documentation when they are already sharing 325 
their work for free. The point we would like to make here is that setting a clear goal for 326 
distributing open-access research software determines the amount of effort put into 327 
developing the documentation that is needed to reach that goal.  328 
 329 
A key lesson learnt from the survey is that, if software is meant to facilitate the uptake 330 
of a methodology and its appropriate application, users need to be supported not only 331 
in generating results but also in interpreting them. Such a need has been openly 332 
recognised by our survey respondents (for example, in response to the final open-333 
ended question, one user said: “A user guide featuring basic approaches to 334 
interpreting results could be very useful”) and is implicitly suggested by the limited 335 
uptake of those functionalities, such as bootstrapping, whose meaning is not 336 
immediately self-evident. So, documentation should not be limited to enabling users 337 
to produce results but should also provide guidance on interpreting them and for 338 
understanding their implications. Users will not adopt methods if they do not 339 
understand the value of the information they provide, and they will fall back on the 340 
simplest and easiest to understand software functionalities. The survey results also 341 
confirm that workflows are an effective tool for knowledge transfer. Though, in order 342 
to achieve our objectives fully, workflows should include both guidance on how to 343 
produce results as well as how to interpret them. We have hence developed additional 344 
documentation and workflows specifically focused on analyzing and interpreting the 345 
 
with us. So far, we have updated the Matlab toolbox once, and sent the new release to users by email. 
We recently added the option to download an R and a Python version of the toolbox and we are planning 
another update of the Matlab version. 
meaning and implications of key set-up choices in GSA application (Wagener and 346 
Pianosi, 2019; Noacco et al., 2019).  347 
 348 
An exciting opportunity for the implementation of user-friendly workflows comes in the 349 
form of interactive notebooks that are becoming increasingly easy to develop, thanks 350 
to new tools such as the R Shiny package (https://shiny.rstudio.com), the Wolfram 351 
Notebook Interface for Mathematica (http://www.wolfram.com/mathematica/)  and 352 
Jupiter notebooks for Python (https://jupyter.org). We believe that these new packages 353 
offer an unprecedented opportunity for developing interactive workflows that are 354 
extremely effective in supporting users to explore methods, choices and results in 355 
general. Besides supporting knowledge transfer and training, workflows are also 356 
highly valuable for increasing the transparency and reproducibility of individual 357 
applications (Hutton et al., 2016). Shared workflows (often connected to published 358 
journal papers as supplemental material) enable other users to reproduce previous 359 
analyses and provide a starting point for users to develop their own applications – thus 360 
directly benefiting from previous software/method tailoring. Ultimately, shared 361 
workflows provide an agile mechanism to increase the transparency and 362 
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